Automatic estimation of human pose has long been a goal of computer vision, to which a solution would have a wide range of applications. In this paper we formulate the pose estimation task within a regression and Hough voting framework to predict 2D joint locations from depth data captured by a consumer depth camera. In our approach the offset from each pixel to the location of each joint is predicted directly using random regression forests. The predictions are accumulated in Hough images which are treated as likelihood distributions where maxima correspond to joint location hypotheses. Our approach is evaluated on a publicly available dataset with good results.
Introduction
Human pose estimation is a challenging problem to which a fast, robust solution would have wide ranging impact in gaming, human computer interaction, video analysis, action and gesture recognition, and many other fields. The problem remains a difficult one primarily because of the human body is a highly deformable object. Additionally, there is large variability in body shape among the population, image capture conditions, clothing, camera viewpoint, occlusion of body parts (including self-occlusion) and background is often complex.
In this paper we cast the pose estimation task as a continuous non-linear regression problem. We show how this problem can be effectively addressed by Random Regression Forests (RRFs). Our approach is different to a part-based approach since there are no part detectors at any scale. Instead, the approach is more direct, with features computed efficiently on each pixel used to vote for joint locations. The votes are accumulated in Hough accumulator images and the most likely hypothesis is found by non-maximal suppression.
The availability of depth information from real-time depth cameras has simplified the task of pose estimation [1-4] over traditional image capture devices by supporting high accuracy background subtraction, working in low-illumination environments, being invariant to colour and texture, providing depth gradients to resolve ambiguities in silhouettes, and providing a calibrated estimate of the scale of the object. However, even with these advantages, there remains much to done to achieve a pose estimation system that is fast and robust.
One of the major challenges is the amount of data required in training to generate high accuracy joint estimates. The recent work of Shotton et al. of one million computer generated depth images of people of various shapes and sizes in a variety of poses. A distributed decision tree algorithm is deployed on a proprietary distributed training architecture using 1000 cores to train their decision trees. This vast computing power makes the problem tractable, but is not suitable for researchers without access to these sorts of facilities. We therefore propose an approach that is in many ways similar to Shotton et al's approach, but requires significantly less data and processing power.
Our approach applies advances made using RRFs reported recently in a wide range of computer vision problems. This technique has been demonstrated by Gall and Lempitsky [5] to offer superior object detection results, and has been used successfully in applications as diverse as the estimation of head pose [6] , anatomy detection and localisation [7], estimating age based on facial features [8] and improving time-of-flight depth map scans [9] . To the best of our knowledge Random Regression Forests have not been applied to pose estimation.
Our contributions are the following. First, we show how RRFs can be combined within a Hough-like voting framework for static pose estimation, and secondly we evaluate the approach against state-of-the-art performance on publicly available datasets. The chapter is organised as follows: Section 2 discusses related work, Section 3 develops the theory and discusses the approach, Section 4 details the experimental setup and results and Section 5 concludes.
Related Work
A survey of the advances in pose estimation can be found in [10] . Broadly speaking, static pose estimation can be divided into global and local (part-based) pose estimation. Global approaches to discriminative pose estimation include direct regression using
